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Abstract 
Environmental hazards commonly associated with gold mining include local pollution of 
the air, water, and soil. Specifically, mercury used to extract gold bioaccumulates in the 
environment, contaminating rivers and watersheds and posing a danger to wildlife in 
regards to its developmental, hormonal, and neurological effects. To conceal these 
typically illegal operations happening along rivers, artisanal and small-scale gold mining 
(ASGM) often occurs in remote areas with high faunal biodiversity. The Madre de Dios 
region of southern Peru is a global biodiversity hotspot and has been undergoing 
extensive ASGM for years. The impact of ASGM on biodiversity is largely unknown. This 
study uses random forest classification to map mining area in Madre de Dios and 
models pollutant transport from ASGM sites to predict what locations and species 
assemblages at risk. Multi Criteria Evaluation is used to determine how flow 
accumulation, distance from mining area, total suspended sediment load, and soil 
porosity influence the vulnerability of regions to mercury pollution. The resulting risk 
map identifies areas of greatest risk of mercury pollution in Madre de Dios. 
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Introduction 
The Madre de Dios region of southern Peru is one of the most biodiverse tropical 
regions on earth. The Amazon Rainforest, a World Wildlife Priority Place, covers much of 
the region. Multiple Important Bird and Biodiversity Areas (IBAs) and Evolutionarily 
Distinct and Globally Endangered (EDGE) species, such as the giant armadillo (Priodontes 
maximus), the lowland tapir (Tapirus terrestris), and the pygmy anteater (Cyclopes 
didactylus), are found there. Madre de Dios is home to some of Peru’s most well-known 
protected areas, such as Manú National Park (a UNESCO Natural World Heritage Site 
and Conservation International Biodiversity Hotspot), Tambopata National Reserve, and 
Amarakaeri Communal Reserve. Manú National Park and surrounding buffer areas cover 
0.1% of the earth’s land but are home to 2.2% and 1.5% of world’s amphibians and 
reptiles respectively, making it the top biodiversity hotspot in the world for these 
animals (Catenazzi et al., 2013).  
 
Biodiversity in Madre de Dios is threatened by resource extraction, particularly gold 
mining. Peru is currently the world’s sixth largest producer of gold (USGS, 2015). The 
increase in the price of gold since the latest economic downturn (Shafiee and Topal, 
2010) has made it profitable to mine from previously unprofitable areas, such as 
deposits below tropical forests (Swenson et al., 2011). In many instances, mining in 
tropical forests occurs in or close to protected areas of high biodiversity (Alvarez-Berríos 
and Aide, 2015). In Peru, illegal gold mining has already been reported in Tambopata 
National Reserve (Finer et al., 2015; 2016). 
 
From 1999 to 2012, Madre de Dios lost 500 km2 of forest due to gold mining (Asner et 
al., 2013). Artisanal and small-scale mining (ASM) is typically conducted informally by 
local miners for subsistence or for a small business.  ASM is done with little 
mechanization, relying instead mainly on manual labor. In Peru, small-scale and 
artisanal mining is defined as concession areas of up to 2,000 and 1,000 hectares and 
production of up to 350 and 25 metric tons respectively (MINEM, 2002). ASM is often 
ignored in calculations of forest loss due to methodological difficulties, yet when ASM 
activities are included in estimates of deforestation, the amount of forest lost increases 
substantially (Asner et al., 2013).  Since 2007, the primary contributor to land change in 
the Southwest Amazon region in Peru has been artisanal and small-scale gold mining 
(Scullion et al., 2014). The average rate of forest loss due to gold mining tripled from 
1999-2007 to 2008-2012 (Asner et al., 2013). 
 
Environmental threats associated with mining extend beyond deforestation. Arsenic, 
cyanide and mercury (Hg) pollution of the air, water, and soil are commonly associated 
with mining (Eisler and Wiemeyer, 2004; Veiga et al., 2006). Liquid Hg used to 
amalgamate and concentrate metals, including gold, is released into the atmosphere 
during burning, and enters the environment through tailings or mining byproducts. On 
average, ASM mining is significantly dirtier per unit of output when compared to other 
types of mining (McMahon et al., 1999). 
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Methylmercury (MeHg) forms when elemental Hg is methylated by aquatic organisms 
and bacteria. Uncharged complexes of Hg are taken up by bacteria with production of 
MeHg more likely to occur when pH is low (Jensen and Jernelov, 1969; Beijer and 
Jernelov; Fagerstrom and Jernelov). MeHg is the most toxic organic form of Hg and 
bioaccumulates and biomagnifies through the aquatic food chain (Baeyens et al., 2003; 
Fitzgerald and Clarkson, 1991; Mason et al., 2006).  
 
Amphibians may be particularly at risk to Hg contamination given their current global 
decline and extinction (Stuart et al., 2004) and their dependence on water during the 
larval stage.  Mercury pollution has been related to decrease in food consumption, size 
and mortality rate of amphibians. Two-lined salamanders (Eurycea bislineata) collected 
at sites with high Hg levels consume half as much as salamanders collected at 
uncontaminated sites and appear to have slower responses and speed (Burke et al., 
2010). American toads (Bufo americanus) exposed to Hg through maternal transfer or 
through their diet as larvae are 7% smaller than control subjects, indicating Hg effects 
persist after metamorphosis (Todd et al., 2012). B. americanus larvae exposed to Hg 
through maternal transfer and diet experience 50% higher mortality than controls 
(Bergeron et al., 2011). Previous work in Madre de Dios has determined that Hg levels in 
water and soil are elevated in areas downstream of artisanal and small-scale mines 
(Diringer et al., 2015) and Hg levels in raptors are elevated (Shrum, 2009), so it is 
reasonable expect amphibians in this region are presently at risk. 
 
While previous research has used remotely sensed data to identify mining areas in 
Madre de Dios (Elmes et al., 2014; Asner et al., 2013), this project is the first to use 
random forest classification to map ASGM activity and to create a model identifying 
areas likely polluted with mercury. Deforestation due to mining is presently being 
mapped by researchers at the Monitoring of the Andean Amazon Project, but the 
distribution of Hg in the region remains largely unstudied. Models of mercury transport 
in aquatic environments where remote sensing and GIS techniques have contributed 
significantly to the study have been created for south-western China (Lin et al., 2011) 
and South Carolina (Knightes et al., 2014). This current study uses remotely sensed data 
and multi criteria assessment to expand on existing knowledge of ASGM activities in 
Madre de Dios by studying amphibian vulnerability and determining where wildlife in 
general may be threatened by Hg pollution. 
 
To date, there is a dearth of research on wildlife and biodiversity surrounding active and 
inactive ASGM areas. This study maps the area vulnerability to Hg pollution and relates 
it to protected reserves, national parks and areas of high amphibian biodiversity.  
 
We seek to answer the following questions: how has ASGM changed the landscape of 
Madre de Dios; what areas are at greatest risk to mercury pollution; and where might 
amphibian biodiversity in Madre de Dios be affected by mercury pollution?  
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By studying the effects of gold mining on biodiversity in one of the most biodiverse 
areas on the planet, this research will identify areas where formal protection should be 
evaluated or existing protected areas should be expanded. Identifying areas of low 
amphibian biodiversity and low vulnerability may also allow natural resource managers 
and Peruvian officials to minimize environmental impact when future mining 
concessions are being created or future mining permits are released. 
 
Methods 
Data sources 
Table 1. Data sources, resolution, and their usage in the study 
Data Used	for Source Resolution
USGS	Landsat	data RF	classification USGS 30m
DEM
Flow	accumulation	and	
friction	layer	for	cost	
distance	from	mining	
area ASTER
1	arc-second	
or	~30m
Protected	Areas IRENA N/A
Amphibian	
Biodiversity BiodiversityMapping.org 10km
Bulk	density	at	22.5cm	
depth Soil	porosity SoilGrids1km 250m  
 
 
Study region 
The study region is a select portion of the Madre de Dios region of Peru (Fig 1). This 
includes the Madre de Dios, Colorado, Inambari, and Malinowski rivers as well as a 
portion of the Andes. Manu National Park lies to the west of the Colorado River on the 
other sides of the Amarakaeri Communal Reserve. Tambopata National Reserve and 
Bahuaja Sonene National Park are in the southeast portion of the study region. The city 
of Puerto Maldonado is included and the Huepetuhe and Guacamayo mining areas. As 
of 2011, the Peruvian Ministry of the Environment estimated that more than 32,000 
hectares of forest had been destroyed by mining activity.  
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Figure 1-False color composite of study region. Protected areas overlaid in yellow. 
Ground truth points in green. The city of Puerto Maldonado is shown as well as the 
major mining areas of Huaypetue and Guacamayo. 
 
This study first created land classification maps using random forest classification to 
identify mining areas in the study region. Multi Criteria Evaluation (MCE) using Ordered 
Weighted Averaging (OWA) was then used to map the vulnerability to Hg pollution 
based on environmental and chemical factors. Methods are divided in four parts: 1) the 
land cover classification, 2) land change analysis 3) Hg vulnerability modeling, and 4) 
biodiversity assessment. 
 
1) Land cover classification and change modeling 
A land-cover map for the Madre de Dios region was created based on a supervised 
classification of Landsat ETM+ and OLI scenes (Table 2). Scenes were atmospherically 
corrected using the Cos (T) method and clouds were masked using thresholds identified 
from spectral mixture analysis. 
 
Table 2. Data Used for Random Forest Classification 
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Date Row/ 
Column 
Landsat Iron Oxide 
Indices 
Composite and Training Sites  
2015-
Aug 29 
3/69 8 OLI b4/2 and 
b4/3 
Bands 1-7, iron indices, bright green wet 
measurements 
Training sites: forest, vegetation, bare soil, sand, 
mining sediment, water type I, water type II, shadow 
2015-
Sept 7 
2/69 8 OLI b4/2 and 
b4/3 
Bands 1-7, iron indices, bright green wet 
Training sites: forest, vegetation, bare soil, sand, 
mining sediment, water type I, water type II, shadow 
2001-
Aug 30 
3/69 7 ETM+ b3/1 and 
3/2 
Bands 1-5,7 iron indices, bright green wet 
Training sites: forest, vegetation, bare soil, sand, 
mining, water, shadow 
2001-
Aug 23 
2/69 7 ETM+ b3/1 and 
3/2 
Bands 1-5,7 iron indices, bright green wet 
Training sites: forest, vegetation, bare soil, sand, water 
type I, water type II, shadow *note mining was not 
apparent in the 2001 2/69 tile and thus was not 
included as a class 
 
 
Random Forest classification was used to determine land cover classes (randomForest 
package in R, Liaw and Wiener, 2002). This supervised classification method uses 
multiple classification trees. Trees are trained on a sample of training data; the 
algorithm determines the split at each node by searching a random subset of variables 
using bootstrap aggregating of training data. At each node of the tree, the data is split 
until a terminal node or leaf is reached. With each split, the nodes become increasingly 
pure.  
 
Random forest is a type of machine learning that uses ensembles of classifications, 
resulting in greater accuracy compared to other machine learning techniques. Increased 
accuracy arises from to the use of multiple classifiers, relying on the strengths of said 
classifiers while avoiding weaker classifiers (Ghimire et al., 2010; Kotsiantis and Pintelas, 
2004). It has been shown that random forest increase land cover classification accuracy 
when compared to support vector machines (Pal, 2005). The advantages of Random 
Forest are that it produces a large number of trees, reducing generalization error and 
overfitting, it estimates which variables are important to classification, and it is robust to 
outliers and noise (Breiman, 2001).  
 
First, spectral training sites for: forest, vegetation (non-forest), bare soil, sand, mining 
sediment, water (two types used in some classifications with distinct spectral 
signatures), and shadow were digitized in Terrset (Eastman 2016). Two thousand 
training samples were selected for each land cover class. Classification was performed 
on a combination of indices selected for their capability to identify iron oxide, soil, 
vegetation and moisture. Two iron oxide indices (Warner and Campagna, 2013) were 
used to differentiate sand and bare soil from mining areas. These indices have been 
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used previously to map gold mining areas (Gabr et al., 2010l; Pour and Hashim, 2015).  
Measures of brightness (indicative of soils), greenness, and wetness/moistness were 
extracted from a Tassel Cap Transformation using a Kauth and Thomas 4-dimensional 
transformation on six bands to produce three new index bands (Kauth and Thomas, 
1976; Haung et al., 2002; Baig et al., 2014). Spectral signatures of the training sites used 
for each classification can be found in Appendix I. 
 
Class error rates for each of the random forest classification land cover classes were less 
than 0.01% in all instances. The resulting output was examined and necessary edits for 
obvious errors (clouds identified as mining area for example) were made. 
 
A Mahalanobis typicality classification was also run using the same training sites. The 
results were compared with the random forest classification and areas identified as 
mining by both classifications were used as the inputs for the generation of factors to be 
used in the vulnerability modeling. A classification threshold of 75% was used for 
random forest and a 40% threshold for Mahalanobis such that any pixel that did not 
meet the aforementioned thresholds remained unclassified. 
 
The random forest land cover classification was validated by collecting ground truth 
locations from 106 points located along the Interoceanic Highway and along the Madre 
de Dios River by boat in June and July of 2016. Locations were chosen based on their 
accessibility. Due to accessibility restrictions, imagery from Google Earth for 
corresponding dates were used to complement the accuracy assessment. Points per 
land class were randomly generated using stratified random sampling. The area 
validated for accuracy was restricted by a 5km buffer surrounding rivers, given that 
mining activity require moving water to operate. 
 
2) Land change modeling 
The Land Change Modeler (LCM) in Terrset (Eastman, 2009) was used to identify 
changes from land cover types from 2001 to 2015. LCM generates maps showing the 
transition from one cover type to another and calculates net change, contributors to 
change, and gains and losses by land cover type. The land cover classification produced 
from Random Forest was used. 
 
3) Hg vulnerability modeling  
 
MCE allows the generation of vulnerability to Hg by combining the contribution to Hg 
vulnerability from multiple environmental and chemical factors. Factors likely to 
influence the vulnerability of an area to Hg pollution were selected and weighted based 
on literature review. 
  
A model was done independently for land and river areas, with vulnerability factors 
selected based on availability of data and relevance (Lin et al., 2011; Ullrich et al., 2010). 
The factors included for river vulnerability were:  1) distance from mining area; 2) 
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average suspended sediment of river; 3) flow accumulation and; 4) mean estimate of 
sediment porosity at the 22.5cm layer depth (Fig 2). For land vulnerability, factor 2 did 
not apply, and flow accumulation was replaced with an inverse of elevation to account 
for low-lying areas on land. 
 
In a multi- criteria evaluation factors are weighted based on their contribution to Hg 
vulnerability, and then aggregated to result in the final Hg vulnerability map. 
Aggregation can have different levels of risk and tradeoff and these levels can be 
controlled by calculating Ordered-Weighted-Averages (OWA). OWA allows to determine 
how pessimistic/optimistic or risk-averse/risky the model is in determining trade-off 
between factors. This is accomplished through using an ORness value. A greater ORness 
value means that high values in one factor cannot be averaged out by low values in 
another factor. Higher ORness values reduce the likelihood of Type II errors. 
 
 
Figure 2 Flow diagram of methods used to generate vulnerability map 
 
Distance to mining areas was generated by using a cost distance approach which 
determines the minimum cost from each cell to the nearest source using a friction layer. 
In this study, mining area acted as the source and slope generated from ASTER DEM 
data was used for the friction layer with greater slopes providing greater resistance to 
distance traveled.  
 
Flow accumulation was generated through a run-off model from ASTER DEM at 30m 
resolution data in Terrset (Eastman, 2016). Runoff processes simulate where Hg is 
transported and are used as an important input in related studies modeling pollutant 
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transport (Lin et al., 2011; Kheir et al., 2014). When modeling land vulnerability, the 
inverse of DEM data was used to account for lower elevations having increased 
susceptibility to Hg carried downslope by gravity. 
 
Since most mercury in water is bound to sediments (Andren and Harriss, 1975; Mason 
and Benoit, 2003; Cossa et al., 1994; Mason et al., 1993), an average normalized 
difference suspended sediment index (NDSSI) was used as a factor. This factor was 
created by averaging NDSSI indices created for six Landsat scenes taken between the 
months of July and October for the years of 2013-2016. Selected scenes had less than 
20% cloud coverage, and the NDSSI was created following the work of Azad Hossain, 
Chao, and Jia’s (2010), where NDSSI = NIR-Red/NIR+Red. Post cloud-masking, only pixels 
for which there were a minimum of three data values were included in the index 
calculation. As much as 95% of total Hg is bound to suspended particles (Hines et al., 
2000; Horvat et al., 2003; Zhang et al., 2010). 
 
Sediment porosity was calculated from the World Soil Information’s SoilGrids1km (Hengl 
et al., 2017 through ISRIC-WDC Soils) data at 250m resolution by inverting mean 
estimates of bulk soil density at the 22.5cm depth. Soil characteristics such as soil 
porosity are used in related studies modeling pollutant transport or land suitability 
analysis (Kheir et al., 2014; Bagdanavičiūtė and Valiūnas, 2013). Bagdanavičiūtė and 
Valiūnas (2013) incorporate soil permeability but, because groundwater pollution is 
considered, higher soil permeability increases vulnerability in this study. Because we are 
concerned with amphibians that are exposed to pollutants transferred through their 
permeable skins, it is reasoned that lower soil permeability increases the amount of Hg 
present at the surface level and thus the contact with amphibians. 
 
All factors were standardized to a scale of 0-100 using a linear stretch that rescaled the 
values between the minimum and maximum values. 
 
Importance weighting 
Factor weights were determined using a pairwise Analytical Hierarchy Process (AHP), 
using the principle eigenvector of the pairwise comparison matrix. The resulting weights 
sum to 1 and follow the logic of Saaty (1997).  Factors used for modeling land 
vulnerability included cost distance from mining area, inverted DEM, and soil porosity 
(Table 3). Factors used for modeling river vulnerability included cost distance from 
mining area, runoff, NDSSI, and soil porosity (Table 4). The consistency ratio for both set 
of factors was acceptable (0.06 in both cases). 
 
Table 3. Factors used in modeling land vulnerability with weights and explanation of 
effect on vulnerability 
Factor Explanation Weight 
Distance from mining 
area 
Cost distance from area classified as mining.  
 distance=vulnerability 
.6491 
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Digital Elevation Model 
(DEM) 
Elevation inverted.  
 elevation=vulnerability 
.2790 
Soil porosity soil permeability= vulnerability .0719 
 
Table 4. Factors used in modeling river vulnerability with weights and explanation of 
effect on vulnerability 
Factor Explanation Weight 
Distance from mining 
area 
Cost distance from area classified as mining.   
 distance= vulnerability 
.5660 
Runoff Calculated surface runoff.  
 runoff= vulnerability 
.2674 
Mean suspended 
sediment (NDSSI) 
Average suspended sediment index.  
 suspended sediment= vulnerability 
.1267 
Soil porosity soil permeability= vulnerability .0399 
 
 
Ordered weighted averaging MCE 
Models were run with ORness levels 0, 0.25, 0.5 (a weighted linear combination), 0.75, 
and 1.0 for both land and rivers. A non-linear model (Fig 3) was used to determine 
weights that maximize entropy while observing the pre-determined ORness (Malczewski 
et al., 2003). The resulting weights for each ORness level are shown in Tables 5 and 6.  
 
Table 5. Weights given to each factor based on ORness value used to model land 
vulnerability 
ORness 1st ranking 
(minimum)  
2nd ranking 3rd ranking 
(maximum) 
0 1 0 0 
0.25 0.4662 0.3175 .2162 
0.5 0.33 0.33 0.33 
0.75 0.2162 0.3175 0.4662 
1 0 0 1 
 
 
Table 6. Weights given to each factor based on ORness value used to model river 
vulnerability 
ORness 1st ranking 
(minimum)  
2nd ranking 3rd ranking 4th ranking  
(maximum) 
0 1 0 0 0 
0.25 0.5258 0.2680 0.1366 0.0696 
0.5 0.25 0.25 0.25 0.25 
0.75 0.0696 0.1366 0.2680 0.5258 
1 0 0 0 1 
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Figure 3 Equation used for Maximum Entropy Ordered Weighted Analysis 
Vulnerability is sensitive to the weights given to each factor and to the ORness values 
that determine trade-off between factors. The sensitivity of the model to ORness values 
was determined by calculating the standard deviation for all five models run for both 
land and rivers. 
 
4) Biodiversity risk assessment 
 
Shapefiles of protected areas were obtained from the Peruvian National Institute of 
Natural Resources (IRENA). Amphibian biodiversity at 10 km resolution was obtained 
from BiodiversityMapping.org which uses species range maps from IUCN to create 
species richness maps in raster format (Fig 4).  
 
To determine which areas are most at risk in relation to amphibian species richness, a 
prioritization of each 10 km pixel was completed using irreplaceability-vulnerability plots 
(Margules and Pressey 2000). Such irreplaceability-vulnerability maps have been used 
previously to inform and prioritize protection (Noss et al., 2002; Linke et al., 2007; 
Sangermano et al., 2012). To create such a plot, species richness (x-axis) was plotted 
against vulnerability (y-axis) at the pixel level and divided into quadrats. The upper, 
right-hand most quadrat of the plot shows the pixels with the highest species richness 
and highest vulnerability. 
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Figure 4 Amphibian biodiversity, as measured by species richness, in Madre de Dios at 10km resolution. Protected 
areas outlined in black. 
 
 
Results 
Madre de Dios landscape change due to ASGM 
Visual inspection of the random forest outputs with no threshold set for classification 
show the Huaypetue and Guacamayo mining areas are visible and successfully classified 
as mining in the 2015 satellite images (Fig 5). Mining is also present along the Madre de 
Dios River. In 2001, the Guacamayo mining area did not exist and the Huaypetue mining 
area is largely classified as sand although some of the sediment in this region is classified 
as mining (Fig 6).  
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Figure 5 Results of random forest classification for 2015 
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Figure 6 Results of random forest classification from 2001 
Since 2001, the study region has gained 115.97km2 of mining area (Table 5). Mining area 
made up less than 0.01% of the study area in 2001. In 2015, this percentage had 
increased to 2%. Forest coverage dropped from roughly 20,500 km2 to less than 18,000 
km2 in 2015. 
 
Table 5. Changes in land cover from 2001 to 2015 (note, percentages will not sum to 100 
because water and misclassified areas are excluded). 
 
 
Land cover types that contributed to the gain in mining area include forest, sand, 
vegetation, and bare soil. Of the 115.97 km2 the mining land cover type gained, 64.86 
km2 was from forested area, 32.90 km2 from sand, and 8.66 km2 from non-forest 
Land	cover	
type
2001	area	
km
2 2001	area	%
2015	area	
km
2 2015	area	% %	change
Forest 20487.06 84 17788.16 79 -5
Vegetation 3125.82 5 2773.61 5 0
Bare	soil 3727.43 6 7132.35 12 6
Sand 1082.03 <2 1697.86 3 1
Mining 5.84 <0.01 121.65 2 2
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vegetation. Changes to land cover from 2001 to 2015 due to mining are shown in Figure 
7. 
 
 
Figure 7 Mining-related changes to land cover from 2001 to 2015. Protected areas outlined in blue. The city of Puerto 
Maldonado is identified in the upper right hand corner of the map. 
Accuracy assessment using Google Earth imagery omission error rate of 0.2  with no 
commission errors. The spectral class closest to mining, sand, was never classified as 
mining nor was mining ever classed as sand (Table 6). 
 
Table 6. Error matrix for land classes of 2015 image using Google Earth Imagery
 
 
 
Forest	
(Predicted Vegetation Bare	soil Sand Water Mine Omission	error
Forest	(Actual) 39 0 0 0 0 0 0
Vegetation 5 5 0 0 0 0 0.5
Bare	soil 0 2 8 0 0 0 0.2
Sand 6 0 0 4 0 0 0.6
Water 0 0 0 0 10 0 1
Mine 0 0 0 0 2 8 0.2
Commission	error 0.22 0.29 1 1 0.17 1 -
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Accuracy assessment using only visited ground truth locations proved lower accuracy 
than using Google Earth imagery (Table 7). Errors of omission for mining were higher 
increasing from 0.2 to 0.65. 
 
 
Table 7. Error matrix for land classes of 2015 image using ground truth locations 
 
 
Areas at high risk to mercury pollution 
 
Areas of high vulnerability vary depending on the ORness level chosen, with some areas 
varying by as much as 40 points in their vulnerability index value (Fig 8).  
 
 
Figure 8 Range of land vulnerability dependent on ORness value ORness values increase from left to right. Vulnerability 
increases from green to red. 
 
On average, 19,576km2 of land have a vulnerability of 70 or higher (Fig 9). Vulnerable 
areas extend into Tambopata National Reserve, Bahuaja-Sonene National Park, and 
Amarakaeri Communal Reserve (Fig 9). Areas within Manu National Park is presently 
considered to be at low risk. There are also scattered areas of high risk along the Madre 
de Dios River in the northern portion of the study area. This includes a scientific 
research station, Los Amigos Biological Reserve, and its conservation concession area.  
 
 
Y
Y
Forest	
(Predicted) Vegetation Bare	soil Sand Water Mine Misclassed Omission	error
Y Forest	(Actual) - - - - - - - -
N Vegetation 2 14 5 0 0 0 0 0.67
Y Bare	soil 0 3 7 0 0 0 0 0.70
N Sand 1 1 13 0 0 3 0.72
N Water 0 0 0 0 2 0 0 1.00
Y Mine 0 0 2 7 0 16 21 0.35
Y Commission	error - 0.78 0.5 0.7 1 1 - -
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Figure 9 Mean land vulnerability to Hg pollution in the Madre de Dios Region of Peru. Protected areas outlined in 
black. Los Amigos Conservation Concession shown in insert. 
 
Figure 10 shows the standard deviation of vulnerability from the five ORness values 
used in this study, indicating the degree to which vulnerability is sensitive to ORness 
value. 
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Figure 10  Sensitivity of land vulnerability model to ORness values. Protected areas outlined in white. 
The complete range of vulnerability outputs for each ORness value is shown in Figure 
11. 
 
 
Figure 11 Range of river vulnerability dependent on ORness value ORness values increase from left to right. 
Vulnerability increases from green to red. 
 
 
Riverine area vulnerability on average is very high along the Colorado River, with 
vulnerability scores 70 or higher (Fig 12). Portions of the Madre de Dios and Tambopata 
rivers also have high vulnerability as does the Malinowski River (Fig 12).  
 21 
 
Figure 12 Mean river vulnerability to Hg pollution in Madre de Dios, Peru.  
As expected, river vulnerability is also sensitive to ORness value as indicated by standard 
deviations (Figure 13).  
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Figure 13  Sensitivity of river vulnerability model to ORness values 
 
Mercury pollution and amphibian biodiversity 
Amphibian biodiversity measured as species richness, increases as one moves from the 
Andes to the Amazon region (Fig 4). The distribution of each pixel’s richness or 
irreplaceability versus its vulnerability is shown in Figure 14. Areas of high priority were 
identified as those with richness greater than 80 and vulnerability greater than 70 and 
are shown in Figure 15.  
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Figure 14 Irreplaceability-Vulnerability Analysis of Each 10km Pixel in Study Area. 
Of the 10,700 km2 area determined to be of high conservation priority (Fig 15), 8,292 
km2 or 75% are unprotected. High priority areas can be found along a portion of the 
Madre de Dios River as well as along the Tambopata River (Fig 15). Inside Tambopata 
National Reserve, 1888 km2 of land are at the upper limits of both species richness and 
vulnerability, amounting to almost 18% of high priority area. In Bahuaja Sonene, 522 
km2 are presently considered to have both high vulnerability and species richness. 
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Figure 15 Average vulnerability to mercury with area of high priority for amphibian biodiversity conservation of 
(outlined in blue). Protected areas named and outlined in grey.  
 
Discussion 
We sought to determine how much the landscape of Madre de Dios has changed due to 
mining and to identify which areas are at greatest risk to Hg pollution. From 2001 to 
2015, we determined that the study region experienced an increase in mining area of 
115.97 km2. Much of this increase was at the expense of forested areas. At an ORness 
level of 0.75, we found that 25,336 km2 of land are vulnerable to Hg pollution. On 
average, we determined that 19,576km2 of land have a vulnerability of 70 or higher. We 
identified vulnerable area including land in Tambopata National Reserve, Bahuaja 
Sonene National Park, and Amarakaeri Communal Reserve (Fig 8). Areas of high 
vulnerability overlaps with areas where amphibian biodiversity is high. Rivers identified 
as having high vulnerability to Hg pollution include the Colorado River and portions of 
the Madre de Dios, Malinowski, and the Tambopata rivers. 
 
An important contributor to Peru’s economy, gold mining has significantly altered the 
landscape in Madre de Dios. Using iron oxide indices, true color composites, and tassel 
cap transformations measuring wetness and brightness, we were able to detect soils 
adjacent to known mining areas with spectral signatures separate from soil and sand 
from undisturbed and agricultural areas (see Appendix I). In using areas of agreement 
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between random forest and Mahalanobis classifications, land stated here as mining 
represents what is likely a conservative estimate. In-situ research and consultation with 
regional experts leads us to state with reasonable certainty that such area does 
represent soils that are heavily disturbed and contaminated with Hg from burning the 
amalgam of gold and Hg. Although on the ground accuracy assessment was low, this is 
likely because ground truth points were collected in accessible areas where 
development is extensive and on-going. Moreover, as visiting sites where mining was 
actively occurring proved unsafe, only edge areas were visited that are known to be 
more difficult to detect at 30m resolution. Most of the sites visited were either in the 
exploration stage of mining rather than actual extraction or highly heterogeneous. This 
represents a limitation of our validation, but one we do not believe affected our results, 
as maps were also verified with consultation with local experts and a combination of 
two classification methods was ultimately used to identify mining area. 
 
Our estimates of changes in the landscape differ from Asner and colleagues’ (2013) 
study which reports that Madre de Dios lost 500 km2 of forest due to gold mining from 
1999 to 2012 as well as with Elmes and colleagues’ (2014) report of 650 km2 of mining 
area. The exact study area for these studies does not perfectly align and different 
methods were used. Our study used the Random Forest classification to identify not 
areas deforested due to mining but areas of active mining whereas Asner and colleagues 
(2013) used the Carnegie Landsat Analysis System-lite (CLASlite) to identify mining 
extent. Thus, results presented in this paper represent a stricter classification of mining 
than Asner and colleagues’ (2013) and do not take into consideration areas deforested 
for gold exploration but where mercury has not entered into the process. Elmes and 
colleagues (2014) used spectral unmixing and classification trees to identify soils 
thought typical of mining and classified more area as mining compared to this current 
study. 
 
In many cases, we identified mining that is adjacent to protected areas (Fig 7). ASGM 
activity currently extends to the northwestern border of Tambopata National Reserve 
and appears to have crossed into the reserve itself, in agreement with maps produced 
by the Monitoring if the Andean Amazon Project (Finer et al., 2015; 2016). ASGM 
activity is also close to Amarakaeri Communal Reserve.  
 
Along the Madre de Dios River, between the city of Puerto Maldonado and where the 
Inambari River joins the Madre de Dios, vulnerability to Hg pollution is high. Hg is likely 
transported along this portion of the Madre de Dios (MdD) from the Guacamayo mining 
area (Figure  1), where a substantial amount of ASGM activity occurs, as well as from 
pockets of ASGM activity occurring along the MdD itself. This area is largely unprotected 
except for ecotourism concessions to the west of the Inambari and the ecotourism 
concession Tiburcio Huacho.  
 
The extent of area modeled as vulnerable to Hg pollution depends on the ORness level 
chosen (Figs 9 & 11). On average, 19,576km2 of land have a vulnerability of 70 or higher, 
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but this area varies between 0.08 and 61,653 km2 depending on the level of risk 
considered in the aggregation. At higher ORness levels, extends into protected areas 
and overlaps with portions of the study site with very high amphibian biodiversity.  
 
Amphibians can be exposed to environmental pollutants such as MeMg in multiple 
ways: through water movement across the egg capsule, through their food, and through 
their permeable skin layer, which acts as a respiratory service, as larvae, tadpoles, and 
adults (Linder et al., 2010). Increased or expanded protection may be necessary, as 
areas of high vulnerability exist outside protected areas and considering that Hg is 
transported from point sources in the air and settling on land or on water. 
 
Additionally, amphibians are often considered the “sentinels” of change (Sparling et al., 
2001; Kiesecker et al., 2004), and studying populations vulnerable to Hg pollution may 
give us an early warning system before the larger ecosystem is substantially threatened 
by Hg pollution. 
 
The vulnerability models presented in this paper suggest that Hg pollution is likely 
threatening a considerable amount of Madre de Dios’s unmatched biodiversity. The 
largest mining activity on the landscape may not be the area most worthy of attention, 
as the Huepetuhe and Guacamayo mining areas are both found in locations where 
amphibian biodiversity is of moderate levels. Areas identified as high priority based on 
our methods includes areas where amphibian richness overlaps with high Hg 
vulnerability, and coincides with areas with smaller ASGM activities. Ten thousand, 
seven hundred square kilometers of land are classified as high conservation priority 
based on a combination of high vulnerability and high species richness. Of this, 1888.19 
km2 overlap with Tambopata National Reserve (Fig 13). Tambopata National reserve is 
not only a biodiversity hotspot but, is also a popular tourist site and includes the 
Tambopata Research Station.  
 
Yet, areas outside the high priority zone indicated should not be disregarded, as our 
methods did not consider species’ population size, rates of decline, and existing threats. 
Areas modeled as having greater vulnerability should be investigated further to 
determine which, if any, populations of amphibians may be at risk, Further work should 
investigate other relevant threats and factors such as the health and red list status of 
amphibians within the area, and the feasibility of protecting such land. Areas 
determined to be of high priority should only be treated as such if the support of local 
actors is secured and the broader context of future ASGM mining activities and 
legislation is considered. This model should be used to determine future conservation 
actions holistically, with the input of local stakeholders and support from regional 
authorities.  
 
In summary, our work suggests Hg pollution from ASGM is potentially threatening 
amphibian biodiversity in Madre de Dios, particularly in unprotected areas. ASGM 
activity has increased throughout the study area and vulnerability extends into 
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Tambopata National Reserve threatening the very high amphibian biodiversity found 
north of the Madre de Dios River. ASGM mining also occurs close to Amarakaeri 
Communal Reserve, where amphibian biodiversity is lower.  
 
The neurotoxic effects of Hg coupled with the current global decline and extinction of 
amphibian species (Stuart et al., 2004) makes identifying and protecting areas of 
amphibian biodiversity a worthy cause. Future mining concessions should consider 
existing vulnerability and areas of high amphibian biodiversity when possible. Formal 
protection for areas of high biodiversity north of the Madre de Dios River may also 
prove needed. Yet ASGM in Madre de Dios is largely unregulated and illegal, thus 
legalizing and formalizing existing mining efforts should be considered. This could 
ensure workers have the proper tools and training to protect themselves and the 
surrounding ecosystems from the harmful effects of Hg and would likely have a real 
impact for both the industry and the biodiversity currently threatened. 
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Appendices 
Appendix I 
Spectral signatures of training sites for random forest 
 
 
Spectral signatures for 2015 training sites for scene 3/69 
 
 
Spectral signatures for 2015 training sites for scene 2/69 
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Spectral signatures for 2001 training sites for scene 3/69 
 
Spectral signatures for 2001 training sites for scene 2/69 
 
Appendix II 
Landsat scenes used to create total suspended sediment index 
 
Month, Day, and Year of Images Used for Index 
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Tile 3/69 Tile 2/69 
September 16, 2016 September 9, 2016 
August 29, 2015 August 22, 2015 
October 13, 2014 October 22, 2014 
August 10, 2014 August 19, 2014 
July 6, 2013 July 31, 2013 
July 22, 2013 August 16, 2013 
 
Appendix III 
Mining area identified by random forest and Mahalanobis classification 
 
 
 
 Mining area identified using random forest classification for 2015 with 75% threshold 
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Mining area identified using Mahalanobis typicality classification for 2015 with 40% threshold 
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Mining area identified using random forest and Mahalnobis classifications (in pink and purple respectively) for 2001 
with thresholds of 75 and 40% 
 
 
